Behavioural economics highlights the role of social preferences in economic decisions. Further, populations are heterogeneous, suggesting that the composition of social preference types within a group may impact the ability to sustain voluntary public goods contributions. We conduct agent-based simulations of contributions in a public goods game, varying group composition and the weight individuals place on their beliefs versus their underlying social preference type. We then examine the effect of each of these factors on contributions. We find that social preference heterogeneity negatively impacts provision over a wide range of the parameter space, even controlling for the share of types in a group.
Adequate public goods provision is an important determinant of social welfare, especially the welfare of the poor (Besley & Ghatak 2006; Fan et al. 1999; Fan et al. 2002; Squire 1993; World Bank 1990) . Examples of these welfare-enhancing public goods include health services (e.g. Besley & Ghatak 2006; Chen et al. 1999) , schools (e.g. Alesina et al. 1999; Besley & Ghatak 2006; Labaree 1997) , clean water (and the supporting infrastructure required, e.g. Besley & Ghatak 2006; Shafik 1994) , urban sanitation (e.g. Alesina et al. 1999; Shafik 1994 ) and roads (e.g. Alesina et al. 1999; Besley & Ghatak 2006) . Ensuring an adequate level of these and other public goods, through either government or voluntary provision, is important for the overall well-being of the citizenry.
1.2
Traditional economic analysis suggests private under-provision of these vital goods (Hardin 1968; Olson 1965) . Under-provision of voluntarily provided public goods stems from individuals selfishly considering only their own costs and benefits associated with providing the good without regard for the benefits accrued to others (Cornes & Sandler 1996) . Central to this conclusion is the hypothesis that all individuals are selfish. Insights from behavioural and experimental economics suggest that, while individuals often make choices in keeping with their own self-interest, many individuals are willing to sacrifice their own well-being in order to improve the lot of others (for a recent review see Gächter 2007) . Incorporating the welfare of others into one's own utility function is referred to as social preferences: Significant heterogeneity in the types of social preferences held by members of society has been robustly documented (see e.g. de Oliveira et al. 2013; Fischbacher et al. 2001; Fischbacher & Gächter 2010 among others).
1.3
With this social preference heterogeneity in a society, the composition of social preferences within groups may also impact provision (e.g. de Oliveira et al. 2013; Fischbacher & Gächter 2010; Gächter and Thöni 2005) . We build upon the results of Fischbacher and Gächter (2010) , conducting an agent-based simulation. Agent-based simulations are particularly useful in this area since the composition of populations cannot be exogenously varied and simulations runs can be systematically analysed.
1.4
Previous research has well-documented a negative relationship between group heterogeneity and public goods provision in a variety of publicly-and privately-provided public goods (e.g. Alesina et al. 1999; Miguel & Gugerty 2005; Vigdor 2004 ). This heterogeneity can take many forms, including but not limited to race or ethnicity (e.g. Alesina et al. 1999) , language (e.g. Easterly & Levine 1997) , and age (Poterba 1997) . We complement the existing literature by examining social preference heterogeneity.
1.5
Specifically we conduct an agent-based simulation where we vary the social preference composition of the group. We examine voluntary public goods provision in these groups under several rules for determining contributions. We then examine the role of group composition in provision, paying particular attention to the impact of social preference heterogeneity. Note that while we are using the standard fractionalization index we are considering a new type of diversity not typically discussed in the literature: the diversity of social preferences. We then examine the robustness of our results to a variety of parameter specifications.
1.6
We find that social preference heterogeneity negatively impacts the level of voluntary contributions in some settings but not in others. [1] When we restrict the analysis to the most common social preference types, a robust negative relationship exists. For the full set of social preference types, a significantly negative relationship only exists for a small portion of the parameter space. These results complement and extend the prior literature, which has examined fractionalization based on observable characteristics. Our agentbased approach allows for a flexible and complete testing of behaviour heterogeneity in groups. We now turn to a discussion of previous research before detailing our agentbased simulation and the results from our experiment.
2.4
While the negative relationship between fractionalization and public good provision is well documented, appropriate social policies can help overcome these divisions (e.g. Banerjee & Somanathan 2007; Miguel 2004) . Doing so will help increase the well-being of the poor, as documented through the link between public goods provision and welfare (e.g. Besley & Ghatak 2006; Fan et al. 1999; Fan et al. 2002; Squire 1993; World Bank 1990) . Further, since diversity could theoretically be positively related to growth by spurring new ideas and innovation, if the negative spiral can be broken, then the positive effects may dominate. One way to break the spiral may be through appropriately designed institutions (Easterly 2001) .
2.5
Due to the absence of data, previous studies have not investigated the possible relationship between social preference heterogeneity and voluntary provision, which we do. We find that the negative impact of fractionalization extends to this domain. We now turn to a discussion of the literature on social preference and group composition.
Social Preferences, Group Composition, and Public Goods 2.6 These studies point to the negative effects that social diversity can have in economies in general (Alesina et al. 2003; Easterly & Levine 1997; Mauro 1995) and on public goods provision in particular (Alesina et al. 1999; Miguel & Gugerty 2005; Vigdor 2004) . One common approach is to rely on demographics like ethnicity to examine heterogeneity and then argue that this heterogeneity impairs the ability of social preferences--like trust or conditional cooperation--to function. This is due, at least in part, to the inability to either measure or vary social preference diversity on a large scale. Studies that have examined social preferences in this setting, via survey measures, have found higher selfreported levels of trust related to growth (Zak & Knack 2001) .
2.7
The control available through experimentation has robustly determined that individuals are willing to sacrifice their self-interest in order to help others (Camerer & Fehr 2004; Charness & Rabin 2002; Fehr & Fischbacher 2002; Henrich et al. 2001; Roth et al. 1991) . Further, a set of distinct social preference types and been identified and measured experimentally (Ahn et al. 2003; Burlando & Guala 2005; de Oliveira et al. 2013; Fischbacher & Gächter 2010; Fischbacher et al. 2001; Herrmann and Thöni 2009; Kurzban & Houser 2005) .
2.8
In addition to the traditional Nash (or selfish) type of individual, several common social preference types have been identified. Conditional Cooperators, or reciprocators, make up the largest proportion of the population and are individuals who will give more when they believe others will give (Burlando & Guala 2005; Croson 2007; de Oliveira et al. 2013; Frey & Meier 2004; Fehr & Gächter 2000; Fischbacher & Gächter 2010; Fischbacher et al. 2001; Kurzban & Houser 2005) . In fact, a strict (or perfect) conditional cooperator will give exactly what he expects others to contribute. Unconditional Cooperators, also referred to simply as cooperators, are individuals who give a set amount no matter what others give (Burlando & Guala 2005; Kurzban & Houser 2005) . [2] Economic Altruists want the public good to be provided but prefer for someone else to provide it, [3] which results in own contributions decreasing in the contributions of others (Croson 2007) . Threshold players are individuals who refuse to contribute until others are giving what they deem as 'enough' and then contribute fully. Finally, Hump, also referred to as triangle, players are individuals who behave like a conditional cooperator when group members are contributing low amounts and behave like a pure altruist when group members are contributing high amounts (Fischbacher & Gächter 2010; Fischbacher et al. 2001; Herrmann & Thöni 2009 ).
2.9
Papers that focus on identifying types generally report results of the free-riders, conditional cooperators, and hump and then lump all other types into an 'other' category (e.g. Fischbacher et al. 2001; Herrmann & Thöni 2009 ). We allow all types in the estimation in the interest of completeness. Further details about the preference types and their implementation in the simulation are discussed in section 3.
2.10 Social welfare in public goods games, measured as the total earnings of subjects or as contributions as a percentage of the social optimum, are higher in groups with more conditional cooperators in them (e.g. de Oliveira et al. 2013; Kurzban & Houser 2005) . While a more thorough study is warranted, since some of the social preference types comprise only a small portion of the population, it would be difficult to systematically varying all types using human subjects in a laboratory. We therefore conduct an agentbased simulation to examine the issue.
Agent-Based Simulation 3.1 An agent-based model has been developed to simulate the contributions of individuals to a public good. We use the structure of the public goods game, which has been studied widely experimentally (see Chaudhuri 2011; Ledyard 1995 for reviews). In the typical public goods game, agents receive an endowment which they can allocate between an individual account and a group account. Tokens deposited in the individual account are kept by the agent while contributions sent to the group account are multiplied by some factor and divided evenly between all agents. [4] So long as the factor is strictly greater than one and strictly less than the group size this game results in a distinct Nash equilibrium (i.e. participants decide to keep everything) and a distinct social optimal (i.e. participants decide to contribute all tokens to the group account).
3.2
The literature is unclear as to whether social preference types arise from corresponding utility functions or whether they are only strategies. The process through which utility functions and interact to produce actions is an important avenue for future behavioural research. For purposes of our simulation, agents are programmed as adhering to a strategy, with a different strategy for each social preference type. For purposes of the simulation, we will refer to these as the agents' 'contribution preferences' or 'social preference types.'
3.3
With multiple social preference types, behaviour may be determined by their contribution preferences and their beliefs, rather than only payoff-maximization. We are able to separate payoff-maximization in this manner because the payoff-maximizing strategy is always the same in the game with finite rounds: to contribute zero.
3.4
For the purpose of the simulation, when we refer to an agents' programmed strategy, we consider three scenarios. Specifically, the action chosen in a particular period can be a) completely determined by preference type, b) completely determined by beliefs or c) determined by a combination of type and beliefs. The agent's programmed strategy is then executed over ten rounds with the same group members. Specifically, agent i calculates her contribution to the public good C i,t at time t using the following equation:
( 1) where P i,t is agent i's underlying preference at period t and B i,t is agent i's subjective belief at period t. Agent i's preference P i,t may further be a function of her beliefs B i,t (see eq. 3 below), depending on preference type. Hence, agent i's contribution is a weighted average of her preferences and beliefs, where the weights α,β are set by the model.
3.5
To begin, we estimate four models which vary the programmed strategy employed by the agents. These include one based solely on the agents' preferences and three which weight preferences and beliefs using the estimation results from Fischbacher and Gächter (2010, we use their model names below). Specifically, these are: 3.6 Results in Section 5 will be based upon these models, and we will discuss the robustness of the results to alternate parameter specifications in Section 6.
3.7
For all types of players, agent beliefs are determined in the first period through a random draw between zero and the maximum possible contribution. After the initial round, beliefs are computed using the following formula:
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Thus, B i,t is simply the weighted average of others' contributions at period t-1, x t-1 and agent i's own beliefs in period t-1, B i,t-1 . These weights on others' contributions and own beliefs follow Beliefs Model 3 in Fischbacher and Gächter (2010) . Since we focus on the role of group composition, rather than information about the composition, we do not allow the first-round beliefs to vary by group composition. [5] 3.8 The general formulation of agent i's underlying preference is given by the following:
where γ i and δ i are agent i's preference parameters, which are stable over periods and constant for all individuals of the same preference type. Preference types can be broadly classified as either unconditional or conditional. Within each of these are further distinctions leading to a total of 9 different preference types:
3.9 Unconditional: These agents have underlying preferences that are independent of their beliefs about the amount contributed by other group members, that is δ i = 0 (see e.g. Under the economic definition of pure altruism, the welfare of others enters one's own utility function as a public good. The implication is thus that individuals want others to be cared for, but own-provision and other-provision are substitutes. Thus, as other group members give more to the public good the pure altruist will actually give less: The giving of others crowds out own-giving (as set out in Croson 2007; see also Andreoni 1989 Andreoni , 1990 as well as Becker 1974) .This means that they prefer to contribute less as their beliefs about other group members increase. Threshold Players (γ i = 0 if B i,t < 10, δ i = 0) and (γ i = 20 if B i,t ≥ 10, δ i = 0): Individuals with this social preference type prefer not to contribute when they believe other group members are giving less than their threshold amount and prefer to contribute fully when their beliefs about their group members are above their threshold amount. The threshold level has been set to half the maximum possible contribution for all agents. Hump (Triangle) Players (γ i = 0, δ i = 1 if B i,t < 10) and (γ i = 20, δ i = -1 if B i,t ≥ 10): Individuals with this contribution preference prefer to behave like conditional cooperators for low levels of beliefs about others giving, and like economic altruists for high levels of beliefs about others giving (Fischbacher & Gächter 2010; Fischbacher et al. 2001; Herrmann & Thöni 2009 ). Similar to threshold players, the threshold level has been set to half the maximum possible contribution for all agents.
3.11 Note that for the models where beliefs are absent (β = 0, as in the Fully Preference Driven model), actual contributions of others at period t−1, x t−1 are used to calculate contribution preferences (in eq. 3 above) for all conditional types.
3.12 The overall group composition is defined by how many agents with each contribution preference are in the group. Groups can be created with an arbitrary number of participants and each participant will have a stable social preference type associated throughout the simulation runs. The simulation model is initialized by setting the group size to four, the maximum possible contribution to 20 and then set α and β for the run.
3.13 Every individual agent is created with a contribution preference type and, if set, also a belief model. Each simulation run is asynchronous (i.e. agent types are processed without a fixed order to avoid computational path dependency). Each simulated period will compute the following:
1. If beliefs are included, a random initial belief value, B i1 , (ranging from zero to the maximum possible contribution) for every type of agent in the simulated public goods group. 2. Unconditional Low and High cooperators randomly generate a contribution preference value, P i , within the lower and upper half of the contribution range, respectively.
3. Noisy cooperators randomly generate a contribution preference value, P it , within the contribution space. Each group is simulated independently, so that the simplified pseudo-algorithm described above is executed in every run, including B it and P it .
3.14 The pseudo-random values included in the simulation model were implemented using the Mersenne Twister method (Matsumoto & Nishimura 1998) to compute uniform distributions. These include the aforementioned initial random setting of values for certain agent types and a new value for each period for the noisy agent. Due to these nondeterministic features, the model is not fully driven by the initial conditions. Further, notice that, with the exception of the noisy agent, P it , B it and C it are not calculated with errors. Instead of completely eliminating noise from the simulation, the noisy player has been included due to prior observation (Burlando & Guala 2005; Fischbacher et al. 2001) . Specifically, we include the noisy player as one of the possible contribution preference type, not to add noise to the data. We thus test their role along with the other possible social preference types found in the public goods game setting.
3.15 The simulation model allows to systematically analyse every group composition, with regards to contribution preference type. Finally, the model allows changes in the relative weights of beliefs and preferences as they contribute to contribution decisions. The advantage of using the agent-based approach to this research problem is to fully account for the heterogeneous interaction occurring at the individual level, which ultimately leads to insights at the group level. The model has been implemented in NetLogo 3.15 and the experiments ran on Oracle's Java 7 on a 64 bit Linux kernel server with 32 GB of memory, generating a text file of 9.7 gigabytes. Should the reader wish to read the simulation source, please contact the corresponding author.
Description of Data 4.1 Data are generated using the agent-based simulation described in the preceding section. The dependent variable in the analysis is the average number of tokens contributed to the group account in period t, ranging from 0 (the Nash equilibrium in the traditional game) to 20 (the social optimum).
4.2
As previously described, we use groups of four agents, which parallels both the experimental and simulation results in Fischbacher and Gächter (2010) . Groups are allowed to vary between completely homogeneous and completely heterogeneous, with all possible combinations in between, making use of all nine contribution preference types. This results in 495 distinct group compositions. For each group composition the simulation runs 100 separate times with 10 rounds for each run. This results in a data set of 49,500 groups and 495,000 data points for the Fully Preference Driven and Belief Model 3 models.
4.3
In accordance with Fischbacher and Gächter (2010) , the data for Belief Model 4a and Mixed Belief Model 4b-c are restricted to three agent types (Free Riders, Conditional Cooperators, and Hump Players), yielding 15 distinct group combinations. With 10 rounds executed a 100 independent times, this process generates a sample of 15,000 data points. Fischbacher and Gächter (2010) note that every other type is excluded in their models because these (approximately 10% of their sample) are denoted as "confused subjects" meaning that they were unable to classify these agent types. Since we utilize their parameters, we restrict our sample as well.
Results: Social Preference Heterogeneity
5.1
We now turn to our analysis of the social welfare achieved in each of these simulated groups. Recall that the unit of observation is the average number of tokens contributed to the group account. Since the social optimal in the linear VCM is full (20-token) contributions, higher numbers are indicative of higher levels of welfare attained.
5.2
Since the data set generated is a panel (49,500 groups with 10 periods each), data are analysed as a random effects regression. Since all group compositions are exogenously varied we do not need to be concerned with endogeneity of the explanatory variables. The level of fractionalization within a group is calculated using the following formula (following Easterly & Levine 1997):
where FI g is the level of social preference type heterogeneity in a group.
5.3
While we focus on social preference types rather than ethnicity, language, or age, we expect a negative relationship between heterogeneity and welfare in keeping with the prior literature (e. 
5.4
We conduct the following analysis for four different weights on beliefs and preferences (in accordance with Fischbacher & Gächter 2010) , as discussed in the previous section.
5.5
To estimate the impact of social preference type heterogeneity group welfare, we estimate the following model:
where g=1,…,G indexes groups, and t indicates the period. C g,t is group g's average contribution to the public good in period t; R t is the period; SPH g is level of social preference heterogeneity in group g; ν g is the idiosyncratic random effect of group g, and e g,t is the error term. Further, η l is the vector of coefficients of social preference types where l=1,…,9 indexes the type. Each of these controls is the number of each social preference type in the group and ranges from 0 to 4. Free riders are the omitted category, so all coefficients are interpreted as relative to a group of four Free riders. This allows straightforward comparison with the results put forward in traditional economic analysis, where all agents are assumed to be this type. Results are presented in Table 1 , below.
5.6
Model 1 presents the estimation results when contributions are fully preference driven (α=1). [6] In this model, we see that average group contributions decline over time. Social preference heterogeneity (SPH) is negative but not statistically significant.
5.7
The preference controls are all positive and statistically significant (p < 0.0001). This is an artifact of using the traditional assumption of all free-riders as the omitted category. Moreover, these estimates are significantly different from each other (within each tested model). We will begin our discussion with the unconditional contribution preference types. For each free rider in a group that is replaced with a low contributor, overall contributions increase by 1.35 tokens (p < 0.0001). Each high contributor type increases contributions by 4.5 tokens. Maximum contributors have the highest impact on contributions at 5.86 tokens. Finally, noisy players positively impact contributions by 2.99 tokens.
5.8
Among the conditional contribution preference types, economic altruists have the highest impact on contributions at 3.12 tokens, which is to be expected when average contributions are less than half of the maximum possible. Each conditional cooperator increases contributions by 2.88 tokens, while each hump player adds 1.94 tokens and each threshold player adds 2.71 tokens. We find that individuals with unconditional contribution preferences have, on average, a larger impact on average group contributions relative to free riders than conditional players do. e Social Preference Heterogeneity, calculated using the fractionalization index.
5.9
In Model 2, we incorporate beliefs using the estimates from Fischbacher and Gächter (2010, their Model 3, α=0.242, β=0.666) . When beliefs are incorporated into agents' contribution decisions independently of their preference type (that is β>0), preferences play a smaller role, and hence, their relative importance, as seen through the magnitude of the coefficients, drops substantially. As before, average group contributions decline over time. Now, however, SPH is negative and statistically significant.
5.10
In Models 3 and 4, we restrict the sample to the three most common contribution preference types: free riders, conditional cooperators, and hump players. The α's and β's are chosen in accordance with Fischbacher and Gächter's (2010) Models 4a and 4b-c, as discussed in the previous section. For Model 4b-c, α=0.385 and β=0.582 for the first 5 rounds, and α=0.614 and β=0.376 for the last 5 rounds.
5.11
We see that SPH is larger, negative and statistically significant. Further, as the weight on preferences (relative to beliefs) increases, the magnitude of the impact to contributions of replacing a free rider with either a conditional cooperator or a hump player is higher. For each conditional cooperator in the group, contributions increase by 1.6 to 1.7 tokens to (p<0.0001), and for each hump player, contributions increase by approximately 1.4 tokens (p<0.0001).
5.12 Taken together, these results shed light on the importance of contribution preference types and beliefs on public good contributions. Certain preference types lead to more efficient groups than others. However, since SPH has a negative effect, the net effect of diversifying would be lower than expected.
Results: Robustness 6.1 It is important to note that the coefficient estimate on the SPH is not always negative across our reported models: Is not significant in Model 1, which is the Fully Preference Driven model. This seems like a counterintuitive result, since heterogeneity in preferences is what comprises the SPH variable. Hence, as the weight on preferences in contribution decisions increases, one might expect that the coefficient on SPH should remain negative and significant. In order to investigate this, we conduct simulations identical to the models above, systematically changing the weights on beliefs and preferences.
6.2
As previously mentioned, the parameters α, β are weights on the average of beliefs and preferences for contribution decisions. Our results estimate models based on the parameter estimates generated by the data collection exercise of Fischbacher and Gächter (2010) . However, these weights are simply estimates, and thus may not be appropriate given the small samples used by the authors. [7] We thus extend our analysis by estimating additional models where we vary the values α, β. The only constraint we impose on the parameters is that they are contribution decision weights, and therefore, must sum to 1. Thus, we vary the strength of preferences and beliefs in the contribution decision of agents, from the fully preference driven model (as above: where α = 1 and β = 0) to the fully beliefs driven model (where α = 0 and β =1). d Social Preference Heterogeneity, calculated using the fractionalization index.
6.3 Table 2 , above, presents extends the analysis of the three contribution types used in models 4a and 4b-c: free-riders, conditional cooperators, and hump players. For each parameter estimate we have 15,000 observations.
6.4
Each column presents estimation results for different values of α and β. For this analysis we restrict α and β to sum to 1, so that they are relative weights. The first column shows contribution decisions that are based purely on beliefs (α = 0 and β = 1). Each subsequent model increases the weight on α by 0.1 and reduces the weight on β by 0.1. This continues until the final column, where contribution decisions are purely based on preferences (α = 1 and β = 0). Figure 1 contains the SPH marginal effects as a function of the relative weights. [8] The triangles represent the marginal effect for each set of relative weights, while the vertical bars display plus/minus one standard error. The larger, dark grey triangle depicts the estimates from Table 1. 6.6
In Figure 1 , note that only case where β = 1, and thus contributions are completely driven by beliefs, is the SPH parameter estimate not significant. This is consistent with our agents being homogeneous when α = 0. For each unit increase in the weight on preferences, the parameter on SPH becomes larger and more strongly significant [9] . For this model, the magnitude of the estimated effect is increasing in α. These results further point to the robustness of our findings to changes in parameter estimates for the most commonly observed types.
6.7 Figure 2 repeats the analysis for all types of players, with the supporting regressions shown in Appendix Table A1 . 6.9
We believe there are several reasons for the different effects between the models. First, the full set of social preference types includes more types which do not incorporate beliefs into their contribution preferences (thus, they do not condition P it on the choices made by others). Thus, changing the weight on belief (β) impacts all players directly but only impacts a fraction of the agents' contribution preferences. This results in a u-shaped relationship between the weight on beliefs and actual contributions: Thus the social preference heterogeneity is only statistically significant for a portion of the parameter space.
6.10 Second, these less-common (based on previous research) types are over-weighted in our data in comparison with either naturally-occurring or experimentally-generated data. In order to focus on heterogeneity and use the power of simulation to gather information on how groups with these types behave we have, by construction, treated the likelihood of encountering one of these players as equal to encountering, say, a conditional cooperator. This has the advantage of providing a very strong stress-test of the model but the disadvantage of being less reflective of actual societies.
6.11 We thus find that social preference heterogeneity significantly and strongly impacts group welfare in a number of plausible settings but is by no means a foregone conclusion. We now turn to our closing discussion.
Closing Discussion

7.1
We conduct an agent-based simulation of individual contributions to public goods. We identified nine distinct preference types in the literature, and constructed agents to be simulated based on these types. We then allowed agents to be configured with beliefs, and utilized those respectively updated values to calculate contributions in each simulated period based on the findings of Fischbacher and Gächter (2010) . We then systematically varied the composition for 4-agent groups playing a public goods game. We find the traditional decay in contributions and that unconditional contributors have a higher impact on contributions than conditional types.
7.2 A large stream of literature demonstrates a negative relationship between various types of heterogeneity and public goods provision (Alesina et al. 1999; Miguel & Gugerty 2005; Vigdor 2004 ). We complement this literature by investigating a different type of heterogeneity: social preference heterogeneity. We find that heterogeneity in intrinsic factors (i.e. the type of social preferences agents hold) may also negatively impact the voluntary provision of public goods. In particular, we find that varying the social preference heterogeneity of the group impacts efficiency, or welfare, in some settings but not in others. Specifically, social preference heterogeneity strongly impacts group contributions when the groups are restricted to the most common social preference types, but only significantly for a small range of the parameter space when all types are considered. We believe this is due to the tradeoff between the direct impact of beliefs and the combined impact of agent type and the indirect influence of beliefs for conditional types.
7.3
Interesting future work in this area could address the role of punishment as well as the relationship between the propensity to engage in punishment and an agent's social preference type. Additional future work in this area should focus on examining various models of belief formation, and to also allow beliefs to vary according to preference types. Finally, an interesting unresolved question is whether or not observable factors reported in the literature (race, ethnicity, income, language, etc.) are correlated with different underlying social preference types.
7.4
The designed agent-based experiment allowed the systematic analysis of how different group compositions and individual social preference heterogeneity affect contributions in a public goods game setup. We have discussed a computational model that has been developed to provide a flexible tool to test, via simulations, experimentally observed behaviours under different circumstances. b † 10%, * 5%, ** 1%, *** 0.1% significance level.
Appendix
c Standard errors in parentheses.
d Social Preference Heterogeneity, calculated using the standard fractionalization index. b † 10%, * 5%, ** 1%, *** 0.1% significance level.
d Social Preference Heterogeneity, calculated using the standard fractionalization index.
